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A B S T R A C T
Grassland ecosystems play an important role in the carbon (C) balance of arid and semi–arid regions. These
ecosystems provide C for grass growth and soil microbial activities and represent one of the main sources of
atmospheric C. In this study, we estimated the C density and storage of 223 sampling sites in grassland eco-
systems on the Loess Plateau using elevation, vegetation indexes, precipitation, air temperature, day and night
land surface temperature (LSTd and LSTn, respectively), evapotranspiration (ET), percent tree cover and the
non–vegetated area to build decision regression tree and generalized linear regression models (GLMs). The
results showed that the C density decreased from south to north and ranged from 0.22 to 29.29 kg C/m2. The
average amount of C stored in the ecosystems was 1.46 Pg. The typical steppe and forest steppe stored the most
C, and the steppe desert stored the least. The soil (0–1 m) stored most of the organic C, accounting for> 90%,
and the belowground biomass (BGB) contained> 3 times the amount of C as the aboveground biomass (AGB).
This study provides reference information for the loss of C and associated mitigation strategies on the Loess
Plateau.
1. Introduction
Grasslands store> 10% of the total carbon (C) in the biosphere
(Nosberger et al., 2000) and represent a non–negligible component of
terrestrial ecosystems (Soussana et al., 2004). Ecosystem responses are
a stronger driver of the inter–annual variability in C ﬂuxes in grasslands
than climate variability (Zhang et al., 2016). Moreover, drought (Gang
et al., 2016), aﬀorestation (Chen et al., 2016), land degradation (Wang
et al., 2017a), species diversity (Rutledge et al., 2017a), land use (Petrie
et al., 2015; Ward et al., 2017), irrigation (Moinet et al., 2017) and
pasture (Tanentzap and Coomes, 2012; Rutledge et al., 2017b) aﬀect
the C sequestration capacity of grasslands. These factors increase the
uncertainty of grassland C stock assessments at diﬀerent spatial scales
and in diﬀerent sampling sites (Zhang et al., 2011; Maillard et al.,
2017). In ecologically fragile regions, such as the Loess Plateau (Yang
et al., 2015), the assessment of grassland C storage is especially im-
portant for land management and further vegetation restoration.
The Chinese government implemented the “Grain for Green” project
in 1999 (Deng et al., 2014a) to restore vegetation by converting crop-
lands to grasslands or forestlands. Researchers have found that this
project drives land use change and C sequestration on the Loess Plateau
(Deng et al., 2014b). Chang et al. (2011) noted that the “Grain for
Green” project can signiﬁcantly increase the storage of soil organic C
(SOC) on the Loess Plateau; thus, it is important to determine the size of
the C reserves in this region.
Grasslands currently cover approximately 1/3 of the Loess Plateau,
but few studies have attempted to assess their C storage. Vegetation
types, topography (Wang et al., 2017b) and climate–driven changes
(Chen et al., 2017a) aﬀect SOC, of which the diﬀerences among grasses
could be represented by vegetation indexes such as the leaf area index
(LAI), the normalized diﬀerence vegetation index (NDVI) and the en-
hanced vegetation index (EVI). In addition to vegetation indexes, per-
cent tree cover and non–vegetated area information may be useful in
somewhere mixed grasses with trees or bare lands. Precipitation de-
termines surface soil moisture on the Loess Plateau, and soil moisture is
the main disturbance controlling grassland aboveground biomass (AGB)
(Zhang et al., 2016; Hu et al., 2016) and its stored C (AGBC). To
quantify the climate–driven factors, we considered precipitation and air
temperature as primary factors for C estimation. Because it is diﬃcult to
acquire regional soil moisture data for the Loess Plateau, we instead
utilized the day land surface temperature (LSTd), the night land surface
temperature (LSTn) and evapotranspiration (ET).
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These factors were used to build decision regression tree models and
generalized linear models (GLMs) for C storage assessment. A decision
tree is a stable machine leaning algorithm for data mining (Czajkowski
and Kretowski, 2016; Rahmatian et al., 2017; Tayeﬁ et al., 2017) and
handling multivalued numerical response variables (D'Ambrosio et al.,
2017), and they have various applications (Hong et al., 2015; Fei et al.,
2017; Chen et al., 2017b). Generalized linear regression models are
commonly used and intuitive (Höskuldsson, 2015; Ross, 2017). We
selected decision regression tree and GLM models as they were rela-
tively robust, widely used and easy to transfer.
Furthermore, we collected the results of other research for com-
parison (Ma et al., 2016). In order to make our results comparable, we
extrapolated previous grassland C observation data to the entire Loess
Plateau by decision tree and GLM regression models. The objectives of
this study were to (1) predict the spatial distribution of grassland AGBC,
belowground biomass C (BGBC) and SOC density on the Loess Plateau;
(2) estimate the C storage in the grassland ecosystem; and (3) assess the
accuracy of our predictions and determine the deviation between our
results and previous results.
2. Materials and methods
2.1. Study area
The study area was the Loess Plateau (Fig. 1), which is a landscape
with uneven loess in the middle of China that covers an area of
646,200 km2. The Yellow River cuts across the north of the plateau. The
loess stratum can reach> 300 m, and because of the long–term runoﬀ
caused by extreme climatic events (Gao et al., 2015), the surface of the
loess deposit area has become fragmented (Wu et al., 2017). In addition
to the soil erosion under these conditions, the loss of C has become
increasingly problematic (He et al., 2016; Li et al., 2017). Grasslands
are widely distributed on the hills and plains of the Loess Plateau, and
because of its poor soil water–holding capacity, the grass in this arid
region is always deeply rooted in the soil to reach water. Grassland map
used in this study was supported from “Loess Plateau Data Center,
National Earth System Science Data Sharing Infrastructure, National
Science & Technology Infrastructure of China. (http://loess.geodata.
cn)”.
2.2. Experimental design
In the summers from 2011 to 2013, we established 223 sampling
plots (100 × 100 m) in grasslands on the Loess Plateau that were re-
presentative of the local area. In each sampling plot, we established a
transect (100 m) along the diagonal, and several subplots (typical
steppe: 1 × 1 m; other grasslands: 1 × 1 m – 2 × 2 m) were set up at
10–m intervals. Biomass C and SOC density were quantiﬁed from>
1000 grassland proﬁles and were summarized for the 223 sampling
plots (average subplot C density→ plot C density).
Grass samples were dried in a drying oven at 65 °C, ground by a cup
crusher, and ﬁltered through a 10–mesh sieve until all the dried grass
samples were sized. The sized samples were reground in a ball mill after
freezing, and ﬁltered again through an 80–100–mesh sieve. Soils in
plots were sampled at depths of 0–10 cm, 10–20 cm, 20–30 cm,
30–50 cm, and 50–100 cm with two samples taken from each layer. The
samples were ﬁltered through a 2–mm sieve to reject plant residues and
dried to a constant weight in a drying oven at 105 °C. Dried soil samples
were frozen and ground in a ball mill and ﬁltered again through an
80–100–mesh sieve. All the samples were weighed and placed into tin
capsules, and their C contents were assayed by dichromate oxidation.
SOC densities were calculated (Penman et al., 2003) according to
Formula 1, and C storage values were calculated by Formula 2. The SOC
density for a soil proﬁle with k layers was calculated as follows:
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from 2004 to 2014.
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where SOC density is the total amount of SOC per unit area (kg C/m2);
SOCi is the SOC content in layer i (g/kg); BDi is the bulk density of layer
i (Mg m−3); Di is the thickness of layer i (m); and CFi is the fraction of
coarse fragment volumes> 2 mm in layer i (0≤ CFi < 1).
= ×Grassland SOC SOC grassland areastorage density (2)
2.3. Decision regression tree model and GLM
Observation data sets (Fig. 2). Two C density observation data sets
were utilized to build the regression models: one from the 223 sampling
sites (T: 2011–2013) and the other from published papers (P:
2004–2014) (Ma et al., 2016).
2.3.1. Models
The decision regression tree model and GLM were run using Marine
Geospatial Ecology Tools 0.8a64 (http://mgel2011–kvm.env.duke.edu/
mget/), which was developed as a plug–in component of the ARCGIS
10.0 Toolbox (http://www.esri.com/arcgis/about–arcgis). ① The deci-
sion regression tree model were based on the rpart (recursive parti-
tioning and regression trees: https://cloud.r–project.org/) framework,
which implements the CART (classiﬁcation and regression trees)
methodology by Breiman (Breiman et al., 1983). In a CART tree, factor
with minimum sum of error square was split ﬁrstly, and then, the next,
until the last. Tree was constantly generated by this rule. Resulting
models could be shown as binary trees. ② The GLM was generated by
multiplying each regression coeﬃcient with its related predictor vari-
able (Guisan and Zimmermann, 2000) and was developed and im-
plemented using the glm2 package (Marschner, 2011) in R. glm2
package provides greater stability than glm package in model con-
vergence. As C storage obeyed a Gaussian distribution, we predicted the
C storage of the Loess Plateau according to the formulas generated in
GLM.
2.3.2. Variable selection
To optimize regression models, some predictor variables must be
remove. In this study, we used two groups of predictor variables cor-
responding to two C density observation data sets (response variable).
The predictor variables were data sets (images) downloaded from
websites (Table 1) and contained vegetation indexes (EVI, NDVI:
http://www.nasa.gov/; LAI: http://earthexplorer.usgs.gov/), elevation
(extracted from digital elevation models (DEMs): http://earthexplorer.
usgs.gov/), climate (precipitation and air temperature: https://gis.ncdc.
noaa.gov/), percent tree cover, non-vegetated area, ET, LSTd and LSTn
(http://www.nasa.gov/). We stepwise selected predictor variables ac-
cording to the mean squared error (MSE) (Formula 3) and the nor-
malized MSE (NMSE) (Formula 4) generated by 10—fold cross valida-
tions (CV). If errors increased when adding a variable, the variable was
abandoned and the next was added until all the variables had been
considered. The selected predictor variables are shown in Table 2; be-
fore modelling, all the variables were resampled to 500 m.
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2.4. Comparison and assessment
We used gridded soil data (250 m) from the World Soil Information
Service (WoSIS) as a contrast to the predictions (http://www.isric.org/
data/wosis). The global WoSIS dataset was introduced by Batjes et al.
(2016), but it needs to be validated and updated based on current
practices. The downloaded soil grids of the Loess Plateau were ex-
tracted from the global soil map and were resampled to 500 m. The
grids included SOC density proﬁle data at depths of 0–5 cm, 5–15 cm,
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Fig. 2. Spatial locations of the two observation data sets.
Y. Wang et al. Catena 164 (2018) 23–31
25
15–30 cm, 30–60 cm, and 60–100 cm. We summarized the proﬁle data
across 0–100 cm for comparison.
The correlation coeﬃcient r (Formula 5) was used to measure the
degree of ﬁt of the observations and predictions, MSE (Formula 3) and
NMSE (Formula 4), which were used to quantify the deviation errors
between the observations and predictions. To assess the prediction ac-
curacy of the decision tree regression model and GLM, all the r, MSE
and NMSE values were generated by 10–fold model CV.
=
∑ −
∑ − + ∑ −
=
= =
r
P O
P O O P
( )
( ) ( )
i
n
i i
i
n
i i i
n
i i
1
2
1
2
1
2
(5)
In Formulas 3, 4 and 5, Oi represents observed C density, and Pi
represents predicted C density.
3. Results
3.1. Carbon density predicted by the decision tree model
The grassland C densities predicted by the decision regression tree
model are shown in Fig. 3 and Fig. 4. The spatial patterns of AGBC
density showed an obvious decrease from east to west across the study
area (Fig. 3a). Most of the western parts had an AGBC density lower
than 0.09 kg C/m2, and most of the eastern parts had values higher than
0.09 kg C/m2. The predicted BGBC density (Fig. 3b; Fig. 4b) exhibited a
pattern similar to the AGBC density, and both the AGBC and BGBC
densities were lower than the SOC density (Fig. 3 and Fig. 4). As shown
in Fig. 3d and 4d, the spatial variation in ecosystem C density was
mostly determined by the SOC density on the Loess Plateau.
Table 1
Factor deﬁnitions and data sources.
Factors Explanations Deﬁnitions Data sources Resolutions Unit
EVI Enhanced Vegetation Index Average annual EVI (2011−2013) MOD13A3 1000 m
NDVI Normalized diﬀerence vegetation
index
Average annual NDVI (2011–2013)
LAI Leaf area index Average annual LAI (2011–2013) MOD15A2H 500 m
Treecover Percent Tree Cover Percent tree cover per pixel (2011–2013; 2004–2014) MOD44B 250 m %
Nonveg Percent Non Vegetated Percent non vegetated area per pixel (2011–2013;
2004–2014)
Elevation Elevation Elevation acquired from Digital Elevation Models
(DEMs) of the Loess Plateau
ASTER GDEM 30 m m
LSTd Day Land surface temperature Average annual LSTd (2011–2013) MOD11B3 5600 m °C
LSTn Night Land surface temperature average annual LSTn (2011–2013)
Prep Precipitation Average annual precipitation (2011–2013;
2004–2014)
NOAA (National centers for environmental
information)
500 m mm
Temp Air temperature Average annual air temperature (2011–2013;
2004–2014)
°C
ET Evapotranspiration Average annual ET (2011–2013; 2004–2014) MOD16A3 kg/m2/
year
Table 2
Predictor variables in regression models.
Response variables: sampling C density (kg/m2)
AGBC (n= 223) BGBC (n= 223) SOC (0–1 m) (n= 223)
Decision tree GLM Decision tree GLM Decision tree GLM
Nonveg Nonveg LSTn LSTn LSTn LSTd
LSTn LSTn Prep Elevation Treecover Prep
Elevation Elevation ET Temp Temp LSTn
Temp Temp EVI Prep ET Treecover
Treecover LSTd NDVI Treecover NDVI Nonveg
LSTd LAI LAI ET EVI Temp
ET EVI LSTd EVI Elevation ET
EVI NDVI NDVI LAI
NDVI LAI NDVI
LSTd EVI
Elevation
Response variables: C density collected from published papers (Ma et al., 2016)
AGBC (n= 385) BGBC (n= 249) SOC (0–1 m) (n= 251)
Decision tree GLM Decision tree GLM Decision tree GLM
Elevation Elevation Temp Nonveg Temp Treecover
Treecover Treecover ET Temp Elevation Nonveg
Temp ET Prep Treecover Prep
Prep Temp Elevation ET
Prep ET Temp
Prep Elevation
Note: The meanings of the abbreviations are the same as in Table 1.
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Fig. 3. Spatial distribution of grassland C density on the Loess Plateau as predicted by the decision regression tree model (response variable = T data set: 2011–2013).
Fig. 4. Spatial distribution of grassland C density on the Loess Plateau as predicted by the decision regression tree model (response variable = P data set: 2004–2014).
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3.2. Carbon density predicted by the GLM
The grassland C densities predicted by the GLM are shown in Fig. 5
and Fig. 6. The BGBC density (Fig. 5b and Fig. 6b) had a wider range
(0.01–1.34 kg C/m2 and 0.01–1.47 kg C/m2, respectively) than that
shown in Fig. 3b (0.12–0.97 kg C/m2) and Fig. 4b (0.19–1.23 kg C/m2).
Similarly, the map of SOC density (Fig. 5c) had many features in
common with the C density map of the Loess Plateau grasslands
Fig. 5. Spatial distribution of grassland C density on the Loess Plateau as predicted by GLM (response variable = T data set).
Fig. 6. Spatial distribution of grassland C density on the Loess Plateau as predicted by GLM (response variable = P data set).
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(Fig. 5d). The map AGBC density (Fig. 5a) showed similar spatial pat-
terns as in Fig. 3a, but the decreasing trend from east to west was
clearer.
It could be concluded that the predicted ecosystem C density was
lower than 30 kg C/m2 (Figs. 3–6) and was high in the southwest corner
of the Loess Plateau (adjacent to the Tibetan Plateau). AGBC and BGBC
density obviously decreased from east to west, but the spatial patterns
of SOC density determined that of ecosystem C density.
3.3. Carbon density and storage of diﬀerent grasslands
Grassland C density on the Loess Plateau was predicted by the de-
cision regression tree model and the GLM, and C storage was calculated
from C density (Formula 2), and Fig. 7 shows the predicted C density
and storage in diﬀerent grasslands. Predicted AGBC and BGBC density
were lower than 2 kg C/m2, and predicted SOC density (< 7 kg C/m2)
and ecosystem C (< 8 kg C/m2) were highest in forest steppe. In the
GLM, the predicted ecosystem C density was lowest in steppe desert,
but which grassland had the lowest predicted C density could not be
determined by decision tree modelling.
Biomass C storage (AGBC + BGBC) in each grassland was lower
than 200 Tg, and ecosystem C storage (AGBC + BGBC + SOC) in each
grassland was lower than 500 Tg. The predicted ecosystem C storage (T
– C) in grasslands could be ordered as follows: typical steppe > forest
steppe > tussock and shrub tussock > desert steppe > steppe de-
sert. However, the order diﬀered if the observation data set was
changed (P – C): forest steppe > typical steppe > tussock and shrub
tussock > desert steppe > steppe desert. In both cases, steppe desert
had the lowest C storage, and the C storage in forest steppe and typical
steppe were highest.
As shown in Table 3, the SOC storage on the grasslands of the Loess
Plateau reached 2537.76 Tg according to the WoSIS data, which was
nearly twice the model–predicted SOC storage. The calculated grass-
land C storage in each section was as follows: AGBC, 16.53–25.26 Tg;
BGBC, 86.12–116.44 Tg; SOC, 1307.81–1379.64 Tg; and ecosystem C,
1417.59–1482.44 Tg.
4. Discussion
4.1. The WoSIS soil grid database overestimated grassland SOC storage on
the Loess Plateau
The WoSIS SOC density data (0–100 cm) were compared with the
results of this study (Fig. 8). Fig. 8 shows that the highest SOC density
in the WoSIS data set was 158.00 kg C/m2, which was much higher
than the highest predicted values (Figs. 3–6: 0.2–27.96 kg C/m2). In
Fig. 8, the highest predicted C density was also in the southwest of the
Loess Plateau, which may be aﬀected by the high SOC density of the
Tibetan Plateau (Chen et al., 2017a).
As the WoSIS SOC data were contributed by numerous researchers
from around the world, its accuracy still needed to be validated by ﬁeld
surveys. We used two sources of survey data (our observations and
published studies) to illustrate this question (Fig. 8); in general, the
WOSIS SOC density of grasslands on the Loess Plateau was much higher
than those of the other sources. Most of the predicted SOC densities
were lower than 5.5 kg C/m2 (Figs. 3–6), but most SOC densities ranged
from 6.50–27.5 kg C/m2 on the WoSIS SOC density map.
Matsuura et al. (2012) found that the SOC density of four types of
grassland (natural, semi–natural, meadows/pastures and artiﬁcial
grasslands) in Japan was 11.4 kg C/m2. Considering that the soil ferti-
lity on the Loess Plateau is poor (Xu et al., 2014; Liu et al., 2013; Jiao
et al., 2011), the SOC density could be lower than that observed in
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Fig. 7. Carbon density and storage in diﬀerent
grassland ecosystems.
Table 3
Grassland ecosystem C storage on the Loess Plateau.
Method C storage (Tg): 1Tg = 1012 g
Observation set: T Observation set: P
AGBC BGBC SOC Ecosystem C AGBC BGBC SOC Ecosystem C
WoSIS 2537.76 2537.76
Decision tree 16.67 86.12 1379.64 1482.44 23.65 110.24 1321.9 1455.79
GLM 16.53 93.25 1307.81 1417.59 25.26 116.44 1323.96 1465.67
Note: T = C density from sampling 223 study sites; P = C density collected from published papers (Ma et al., 2016).
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Japan. Overall, the spatial patterns of the predicted C density were
consistent with the WoSIS map, although the actual C densities require
further validation.
4.2. Accuracy assessment of the predicted C density
Table 4 shows the prediction accuracy of grassland C densities
across the Loess Plateau. We used 10–fold CV to assess the prediction
accuracy, and the MSE, NMSE and r were the means of the results. The
AGBC density (observation set T) had the lowest prediction error (MSE:
0.001 kg C/m2), and the SOC density (observation set P) had the
highest prediction error (MSE: 33.126 kg C/m2). Overall, the prediction
accuracy of the decision regression tree model and the GLM were
similar, and the r based on the decision regression tree model could be a
little better than that based on the GLM.
4.3. Uncertainty of Loess Plateau grassland ecosystem C estimations
There was uncertainty in the C storage predictions (Yuen et al.,
2016). Zhan et al. (2013) indicated that SOC decreased from the
southeast to the northwest of the Loess Plateau and estimated the SOC
storage of the 440,000 km2 area to be 3.629 Pg (1 Pg = 1000 Tg), but
the spatial location of their study was diﬀerent than ours. The highest
estimated SOC storage in this study was 1.38 Pg, but the WoSIS data
indicated that the SOC storage was 2.538 Pg (Table 3). Both estimates
were lower than that of Zhan's study. Thus, additional studies must be
performed to conﬁrm the source of the uncertainty and to improve the
accuracy of C storage predictions at the landscape scale.
Ma et al. (2017) concluded that SOC storage was larger than that of
biomass C regardless of grassland type in north China, and this was
supported by our study. We also found that soils on the Loess Plateau
stored 10 times more C than grass biomass. Ma et al. (2017) showed
that desert grassland contributed the least to total C storage, and we
found that steppe desert contributed the least, followed by desert
steppe.
5. Conclusions
In this study, we utilized a decision regression tree model and GLM
to predict the C density and storage of grasslands on the Loess Plateau.
The AGBC density decreased from east to west, but the highest
Fig. 8. Comparison of the observed SOC density and WOSIS SOC density (soil depth: 0–1 m) in grasslands of the Loess Plateau.
Table 4
Prediction accuracy for C density (MSE, NMSE and r were the means of the results after
10–fold CV).
Observation set C Decision tree GLM
MSE NMSE r MSE NMSE r
(kg C/m2) (kg C/m2)
T AGBC 0.002 0.593 0.73 0.001 0.501 0.733
BGBC 0.073 0.871 0.634 0.06 0.689 0.606
SOC 11.263 0.908 0.647 10.047 0.769 0.63
P AGBC 0.008 0.815 0.606 0.008 0.85 0.427
BGBC 0.158 0.908 0.608 0.143 0.828 0.508
SOC 33.126 0.834 0.721 30.908 0.799 0.62
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ecosystem C density was observed in the southwest. Furthermore, the
predicted AGBC density was the most accurate, followed by the pre-
dicted SOC.
The steppe desert had the lowest C storage, and typical steppe and
forest steppe were the main contributors to the grassland C pool. For all
grasslands, the BGB contained more C than the AGB, and the soil stored
the greatest amount of C.
Estimating the grassland ecosystem C storage on the Loess Plateau
could provide a reference for the dynamic monitoring of C losses in
further studies and could help elucidate whether C storage conditions
would favour regional C transfer. Taken together, these results could
provide insights into eﬃcient environmental management strategies for
the Loess Plateau.
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